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Abstract

Artificial-intelligence (AI) research on lung cancer in 2026 shows rapid growth across lightweight
convolutional networks, CNN-transformer hybrids, capsule-inspired models, segmentation-driven
pipelines, radiomics, multimodal fusion and reader-assistance systems. Model selection is now more than
accuracy maximisation: a high closed-set score does not automatically make a model the best choice for
low-resource deployment, indeterminate-nodule risk estimation, radiologist assistance or clinically
interpretable decision support. This study comparatively analyses 20 peer-reviewed studies published in
2026, examining reported predictive performance together with computational efficiency, explainability,
imaging modality, task definition and direct clinical comparison. Public-dataset classifiers frequently report
accuracy above 96%, with several attention-based or compact architectures reaching 98—100% on selected
hold-out sets. Clinically anchored studies present different evidence: a radiologist reader study increased
cancer-detection AUC from 0.652 to 0.761 with Al support and reduced interpretation time by 12.9%;
PET/CT malignancy modelling achieved an AUC of 0.78, non-inferior to the Herder model (AUC 0.73);
and CT radiomics reached an AUC of 0.941, statistically comparable to expert radiologists. Multimodal
fusion also produced clinically useful risk estimates, including a test AUC of 0.823 for stacked clinical—
radiomics—deep-learning fusion. The comparative evidence supports task-specific model selection:
compact networks for constrained hardware, attention hybrids for high-dimensional image representation,
radiomics or fusion for risk stratification, and reader-validated systems for workflow integration.
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1s meaningful for balanced multiclass benchmarks,
the area under the curve (AUC) is more informative
for continuous malignancy risk, Dice or IoU better
describes segmentation, and reader-study outcomes
provide direct evidence of workflow benefit.

A second change concerns model design. Convo-
lutional neural networks (CNNs) remain competi-
tive, but transformer attention, hybrid feature fusion,
capsule-inspired representations, radiomics and
multimodal probability stacking now appear fre-
quently in 2026 publications. Several models report
near-perfect scores on curated public datasets [1]—

1. Introduction

Lung cancer prediction has moved from a narrow
architecture race towards a broader clinical engi-
neering problem. Recent systems address several
distinct tasks: image-level cancer classification,
nodule malignancy estimation, lesion segmentation,
histological subtype recognition, invasive-potential
assessment, reader assistance and treatment-ori-
ented risk stratification. A single performance num-
ber cannot represent all these objectives. Accuracy
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[8], [18]. In contrast, clinically anchored investiga-
tions often report lower numerical discrimination
while testing harder questions, such as performance
against expert radiologists, comparison with the
Brock or Herder models, or prediction under heter-
ogeneous acquisition conditions [11]-[17]. Direct
ranking across such settings can therefore reward
dataset simplicity rather than practical usefulness.

The central problem addressed in this compara-
tive study is model selection rather than score max-
imisation. A high-capacity hybrid model may offer
excellent closed-set discrimination but at a substan-
tial computational cost; a compact model may sac-
rifice a small amount of accuracy while reducing in-
ference cost; a radiomics model may provide trans-
parent feature-level evidence; and a multimodal
model may improve risk stratification by combining
morphology with clinical or serological information.
A reader-assistance model may provide the strong-
est clinical relevance even when its headline AUC
remains below that of the best public-dataset classi-
fier.

The objective of this study is to provide a deploy-
ment-oriented synthesis of peer-reviewed lung-can-
cer Al studies published in 2026. The comparison
covers the diagnostic task, imaging modality, archi-
tecture family, reported performance, explainability,
efficiency and degree of clinical anchoring. All nu-
merical results are author-reported values from the
cited studies, and cross-paper values are not treated
as a common leaderboard.

2. Comparative Study Design

Scope and evidence selection: Priority was given
to studies on CT or PET/CT lung-cancer detection,
pulmonary-nodule characterisation, lung-cancer
classification, radiomics, multimodal fusion and
Al-assisted reader evaluation. Preprints were ex-
cluded. Publisher pages, version-of-record records,
PubMed entries and DOI metadata were used to
verify references. Twenty studies satisfied the final
comparative scope [1]-[20].

Comparison axes: Five axes structure the analy-
sis. (1) Predictive performance covers accuracy, F1-
score, AUC, sensitivity, specificity or segmentation
overlap as reported by each publication. (ii)
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Computational suitability covers model compact-
ness, FLOPs, memory demand, inference time or
explicit lightweight design. (iii) Interpretability co-
vers Grad-CAM, attention visualisation, radiomic-
feature analysis, SHAP or transparent risk variables.
(iv) Clinical anchoring covers histopathology,
guideline comparators, multi-centre data, reader
studies and patient-management analysis. (v) Task
alignment separates closed-set classification from
continuous malignancy prediction and segmenta-
tion.

Interpretation rule: Cross-study differences are
interpreted qualitatively rather than statistically be-
cause datasets, class definitions, partitions, imaging
protocols and endpoints vary. Within-study com-
parisons receive greater weight. A model with a
lower absolute AUC may carry stronger clinical ev-
idence when evaluation includes difficult nodules,
reader comparison, independent testing or guide-
line-based management thresholds.

3. Model Landscape

3.1 Lightweight and Efficient Networks
MiniConvNet targets resource-efficient non-
small cell lung cancer (NSCLC) classification and
reports 96% CT test accuracy, with five-fold accu-
racy near 96.6% [3]; its compact design directly ad-
dresses memory and inference constraints. A cap-
sule-inspired EfficientNetB0 framework removes
dynamic routing and the decoder, reducing reported
complexity to 0.01 GFLOPs and approximately
4.85 million trainable parameters [5]. A perfect
hold-out score is reported for its main IQ-
OTH/NCCD experiment, while ten-fold mean accu-
racy drops to 92.61%, an important reminder that
computational efficiency and hold-out performance
require separate interpretation. A VGG16-U-Net++
ensemble reports 96% accuracy with a 3.1 GB GPU
memory demand, positioning segmentation-as-
sisted 2D processing as another resource-aware di-
rection [19].
3.2 Attention, Transformer and Hybrid Models
CNN-transformer integration remains prominent.
C-Swin combines VGG16 local features with
shifted-window attention and reports 96.26% accu-
racy on IQ-OTH/NCCD [1]. CNN-HiFuse
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combines multi-scale features with channel and
spatial attention and reaches 98.12% held-out accu-
racy with 97.86 = 0.19% five-fold accuracy [2].
LungDxFormer reports 97.35% accuracy on LIDC-
IDRI and includes repeated-run significance testing
[4]. A parallel spatial cross-attention ensemble re-
ports 99.20% accuracy on LUNA16 [18]. A broad
benchmark across CNN and transformer families
reports a matching top F1-score of 0.9816 for strong
CNN and transformer architectures, suggesting that
no architecture family is universally superior [8].
3.3 Segmentation-Driven and Representation-
Focused Systems
Segmentation remains valuable when classifica-
tion depends on subtle nodule boundaries. A 3D
Trans-DenseUNet++ pipeline couples volumetric
segmentation with adaptive DenseNet—LSTM clas-
sification and reports 94.9% accuracy [6]. A dual-
branch image-and-mask approach reports 98.04%
accuracy in a 5,000-sample experiment, with lower
results in a larger and more heterogeneous experi-
ment [7]. A separate image-enhancement and

nodule-delineation pipeline reports a mean overlap
of 0.83, sensitivity of 0.92 and 1.5 false positives
per scan on 1,000 LIDC-IDRI scans [20]. These re-
sults show the complementary role of localisation
quality, especially for downstream decision support.
3.4 Explainability and Feature-Guided Learn-
ing
Explainability appears in both deep and hand-
crafted pipelines. ARXAF-Net combines active re-
inforcement learning, feature engineering, attention
fusion and Grad-CAM, reporting 99% testing accu-
racy on a large curated CT collection [9]. Explaina-
ble convolutional analysis by Di Giammarco et al.
emphasises visual explanation for lung adenocarci-
noma recognition [ 10]. Radiomics offers a different
route: selected intensity, shape and texture features
support clinically legible reasoning without relying
only on post-hoc heatmaps. Direct comparison with
radiologists is therefore especially valuable for
judging whether quantitative features capture diag-
nostically meaningful structure. The representative
studies are summarised in Table 1.

Table 1. Representative 2026 Lung-Cancer Al Studies and Reported Evidence

Study Task / modality Method family Results Main comparative value

C-Swin [1] CT, 3-class CNN + Swin Acc. 96.26%; F1 Local/global feature fusion
97.42%

CNN-HiFuse [2] CT, 3-class Double attention CNN  Acc. 98.12%; CV Patient-level split; attention
97.86+0.19% maps

MiniConvNet [3] CT, NSCLC Lightweight CNN Test acc. 96%; 5-fold Compact and fast
~96.6%

LungDxFormer [4] CT nodules CNN + transformer Acc. 97.35% Repeated runs; p<0.01 vs

baselines

Capsule model [5] CT, 3-class EfficientNet + capsule ~ Holdout 100%; 10-fold  0.01 GFLOPs; strong split
92.61% sensitivity

3D Trans-Dens- CT nodules 3D segmentation + Acc. 94.9% Volumetric localization

eUNet++ [6] classifier

DbMCA [7] CT images + Dual branch Acc. 98.04% (5k ex- Image-mask complementary

masks periment) features

30-model benchmark CT, 3-class CNN/VIiT benchmark Top F1 0.9816 Architecture-family compari-

[8] son

ARXAF-Net [9] CT, binary RL + attention + XAI Test acc. 99% Active labeling and Grad-

Stacked fusion [11]

CT + clinical + se-

rum

Radiomics + DL +

stacking
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Test AUC 0.823

CAM

Multimodal risk stratification
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Study Task / modality Method family Results Main comparative value
GGN fusion [12] CT GGN Radiomics + ResNet Fusion AUC 0.865 SHAP and DeLong testing
Radiomics vs readers  CT nodules SVM radiomics AUC 0.941; acc. Comparable to radiologist
[13] 88.6% consensus
Reader-assistance Al CT, early cancer DL + nodule indexing Reader AUC Sensitivity gain; 12.9% faster
[14] 0.652—0.761 reading
Al Brock score [15] Screening CT Al risk score AUC 0.72 vs Brock Higher sensitivity, lower
0.76 specificity

Biology-aware radi- CT indeterminate ~ Radiomics + harmoni- AUC 0.74 Acquisition/biology harmoni-
omics [16] nodules zation zation
AITO-PETCT-MP PET/CT nodules DL malignancy score AUC 0.78 vs Herder Comparable to expert readers
[17] 0.73
PSCABTM [18] CT, LUNA16 Cross-attention ensem-  Acc./F1 99.20% Fine-grained + long-range

ble features
VGG16-U-Net++ CT Segmentation ensem- Acc. 96% 3.1 GB reported GPU
[19] ble memory
Abdullah et al. [20] CT nodule detec- Enhancement + 3D re-  Sensitivity 0.92; over- 1.5 false positives/scan

tion gion growth

lap 0.83

Source: Compiled from the cited studies (author-reported values)

4. Comparative Results and Discussion

4.1 Accuracy and Computational Burden Form
a Trade-off

The 2026 literature weakens the assumption that
high accuracy requires large models. MiniConvNet
reports 96% CT test accuracy with a deliberately
compact architecture [3], and the capsule-inspired
model requires only 0.01 GFLOPs after removal of
dynamic routing and decoder reconstruction [5].
Such efficiency can matter more than a small accu-
racy difference for screening workstations, edge de-
ployment or rapid triage. At the other end, trans-
former and attention hybrids provide richer contex-
tual modelling, especially for subtle nodules, but
larger parameter counts and more complex feature
interactions can raise deployment cost [1], [4], [8],
[18].

Near-perfect hold-out scores also require careful
reading. The capsule-inspired model reports 100%
accuracy on a selected hold-out set, yet its ten-fold
mean accuracy is 92.61% [5]. This does not invali-
date the model; rather, the gap shows the practical
value of repeated evaluation. Deployment decisions
should therefore consider stable cross-validation,
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computational demand and task complexity rather
than headline accuracy alone.

4.2 Clinical Utility Can Appear Without the
Highest AUC

Reader-assistance evidence provides a different
benchmark. Schroeder et al. evaluated 16 board-
certified radiologists on 340 CT examinations; Al
assistance raised cancer-detection AUC from 0.652
to 0.761, increased mean sensitivity from 0.585 to
0.727, preserved specificity near 0.91 and reduced
interpretation time by 12.9% [14]. Such evidence
demonstrates an operational benefit that a conven-
tional image-classification test set cannot reveal.
Leijten et al. provide another clinically grounded

comparison. Their PET/CT deep-learning malig-
nancy model reached an AUC of 0.78, compared
with 0.73 for the guideline-based Herder model and
approximately 0.80 for experienced clinicians [17].
Although this is below many public-dataset classi-
fiers, the clinical question is harder: the malignancy
probability of indeterminate nodules, with direct
implications for surveillance, biopsy or treatment.
Clinical relevance therefore rises as the evaluation
target moves closer to patient management.

4.3 Risk Scores Reveal Sensitivity—Specificity
Consequences
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Long et al. reported an AUC of 0.72 for an Al-
generated Brock score and 0.76 for the standard
Brock score, with a non-significant overall differ-
ence near the conventional threshold [15]. The Al
score showed higher sensitivity but lower specific-
ity at the tested thresholds. Such a pattern can still
be clinically valuable when screening priorities em-
phasise reducing missed cancers, but increased
false-positive follow-up becomes an explicit cost.
Closed-set accuracy does not expose such manage-
ment trade-offs.

4.4 Radiomics and Multimodal Fusion Add
Structured Evidence

Radiomics remains competitive in 2026. Selvam
et al. report an AUC of 0.941 and 88.6% accuracy
for a support vector machine (SVM) built from se-
lected radiomic features, with no significant differ-
ence in accuracy from expert radiologist consensus
[13]. Huchthausen et al. show a different advantage:
biology-aware harmonisation combined with aug-
mented training raises the early-nodule test ROC-
AUC to 0.74, illustrating the importance of acquisi-
tion effects when lesions remain difficult for stand-
ard care [16].

Multimodal fusion supplies information missing
from image-only networks. Zong et al. combine
clinical variables, radiomics, deep-learning proba-
bilities and serum autoantibodies, and their stacked
model reaches a test AUC of 0.823 with 80.3% ac-
curacy [11]. He et al. combine CT radiomics with
deep features to predict ground-glass-nodule infil-
tration and report a fusion AUC of 0.865, supported
by SHAP interpretation and DeLong testing [12].
Fusion therefore offers a route to risk stratification

when morphology alone cannot represent the full
biological state.

4.5 Explainability Requires Task-Relevant Val-
idation

Grad-CAM and attention maps appear frequently

in 2026 systems [1], [2], [9], [10]. Visual explana-
tions help identify whether predictions concentrate
on pulmonary lesions rather than irrelevant borders
or background structures. Heatmaps alone, however,
do not establish clinical validity; radiologist review,
feature stability, error analysis and outcome-ori-
ented evaluation provide stronger evidence. Radi-
omics can complement deep explanations through
named shape, intensity and texture variables, while
multimodal models can expose the contribution of
clinical biomarkers and imaging probabilities.

5. Deployment-Oriented Model Selection

A practical selection framework emerges from
the comparative evidence (Table 2). High-through-
put or hardware-limited settings favour compact
CNN or lightweight capsule designs when adequate
local validation is available [3], [5], [19]. Complex
image patterns and uncertain nodule boundaries fa-
vour attention hybrids or segmentation-assisted
pipelines [1], [2], [4], [6], [18]. Continuous malig-
nancy-risk estimation favours radiomics, PET/CT
deep learning or multimodal probability fusion
[11]-[17]. Workflow integration favours systems
evaluated with clinicians, because reader-assistance
studies reveal sensitivity, specificity, time and man-
agement effects that isolated model metrics cannot
show [14], [17].

Table 2. Practical Model-Selection Guide

Use case Preferred family

Resource-limited de- Compact CNN / light-
ployment weight capsule

Fine-grained CT classi- =~ CNN-transformer / atten-

Priority evidence
Model size, FLOPs, latency, sta-
ble CV
F1, AUC, repeated evaluation

2026 examples
MiniConvNet [3], capsule model
[5]

C-Swin [1], LungDxFormer [4],

fication tion hybrid PSCABTM [18]

Nodule boundary de- Segmentation-assisted Dice/loU + downstream classifi- 3D Trans-DenseUNet++ [6], Abdul-
pendence pipeline cation lah et al. [20]

Indeterminate nodule Radiomics / PET-CT risk AUC, calibration, threshold be- Selvam [13], Huchthausen [16],
risk model havior Leijten [17]
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Use case Preferred family

Multisource risk stratifi-  Probability stacking / fu-
cation sion
Clinical workflow sup-  Reader-assistance Al

port

Priority evidence

AUC, DCA, interpretability

Reader AUC, sensitivity, speci-

2026 examples
Zong [11], He [12]

Schroeder [14]

ficity, time

Source: Compiled by the authors from the cited studies

6. Limitations

The comparative evidence is substantially heter-
ogeneous. CT datasets differ in patient count, slice
count, nodule prevalence, histology, augmentation
and train—test design, and PET/CT, segmentation,
multiclass classification and continuous risk predic-
tion represent different clinical endpoints; cross-pa-
per statistics are therefore inappropriate. Several
2026 studies use public datasets with limited demo-
graphic or scanner diversity, reader studies and
multi-centre evaluations remain fewer than archi-
tecture-focused experiments, and efficiency report-
ing is inconsistent, with FLOPs, memory, latency
and hardware often not reported together.

7. Conclusion

Lung-cancer Al research published in 2026
demonstrates strong technical performance across
lightweight CNNs, transformer hybrids, capsule-in-
spired models, segmentation pipelines, radiomics
and multimodal fusion. The most useful compari-
son no longer concerns the single highest accuracy:
model suitability depends on the diagnostic task,
computational budget, explanation requirement,
need for risk calibration and degree of clinical inte-
gration. Compact models provide credible options
for constrained deployment; attention hybrids sup-
port complex image representation; radiomics and
fusion support structured malignancy-risk estima-
tion; and reader-validated Al offers the clearest ev-
idence of workflow impact. Future comparative
studies should report performance, calibration,
computational cost, explanation quality and reader
or guideline comparison together, which would
make model selection more clinically meaningful
than accuracy-first ranking.
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